Research exploring how cognitive risk-and protective factors relate following remission from internalizing disorders suggests a central role for resilience. However, it remains unclear what constitutes resilience in this context. Furthermore, previous studies have typically relied on crosssectional data which do not allow to map the temporal dynamics of such relations. Using a seven-day experience sampling period in 85 remitted depressed patients, we examined the interplay between five transdiagnostic vulnerability-and protective factors in daily life. We present a temporal, contemporaneous, and a between-subjects network, providing an in-depth analysis of how these factors relate to daily life fluctuations in residual symptomatology. Furthermore, we test the role of positive affect as a main resilience factor. Resilience uniquely predicted all other factors over time (temporal network). Higher levels of resilience were related to less momentary use of rumination, more deployment of positive appraisal, and lower occurrence of residual symptoms (contemporaneous network). Participants scoring high on resilience mostly engaged in positive appraisal (between-subjects network). Similar structures were obtained when substituting self-reported resilience by positive affect.
Introduction
The period following remission from an internalizing mental disorder (e.g., depression or anxiety)
is typically a challenging period where patients see themselves confronted with a multitude of stressors such as resuming different roles while dealing with some of the consequences of their past mental illness (e.g., financial or social problems). At the same time, unfortunately, patients may still possess vulnerability factors (e.g., impaired emotion regulation, cognitive impairments) which render them more vulnerable to develop novel episodes in confrontation with stress.
Although such vulnerability processes have often been investigated within specific mental disorders, there is good reason to approach these processes from a more transdiagnostic view. Within internalizing disorders, comorbidity rates are typically high (Maser & Cloninger, 1990) . Here, it has been argued that anxiety disorders rarely exist in isolation (Kaufman & Charney, 2000) , where individuals suffering from anxiety and stress-related disorders often demonstrate (sub)clinical depressive symptoms (Gorman & Coplan, 1996; Hirschfeld, 2001; Kessler et al., 2008; Zhou et al., 2017) . For instance, generalized anxiety disorder (GAD) shows strong symptom overlap with major depressive disorder (MDD; e.g., Hettema, 2008; Zbozinek et al., 2012) , resulting in comorbidity rates running up to 98% pending on the diagnostic criteria used (e.g., Brown, Marten, & Barlow, 1995) . Moreover, in a large scale longitudinal cohort study, Moffitt and colleagues (2007) showed that, among individuals developing anxiety disorders between the age of 11 and 32, 72% reported a lifetime history of MDD. In this context, major depressive disorder (MDD) forms a well-known predictor for the occurrence of anxiety-and stressrelated complaints. As such, a population that is of particular clinical interest to gain a better understanding of how different psychological factors are implicated in -stable remission frominternalizing disorders, are remitted depressed (RMD) patients.
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After overcoming a depressive episode RMD patients often show increased stress sensitivity (e.g., Admon et al., 2015; O'Hara, Armeli, Boyton, & Tennen, 2014) and experience residual depressive symptoms (e.g., Nierenberg et al., 2010) . Moreover, compared to healthy controls, RMD patients tend to report higher levels of repetitive negative thinking such as rumination (McMurrich & Johson, 2008; Woody, McGeary, & Gibb, 2014) , a maladaptive emotion regulation strategy that is characterized by repetitive negative thinking regarding one's feelings or problems (Nolen-Hoeksema, Wisco, & Lyubomirsky, 2008) . In addition, impairments at the level of attention-and working memory processes form an important source of dysfunctioning in daily life (Millan et al., 2012) , often remaining present following remission from depression (e.g., Levens & Gotlib, 2015) . These apparent 'residual complaints' reflect increased cognitive vulnerability for depression (e.g., Judd et al., 1998; Segal et al., 2006; ten Doesschate, Bockting, Koeter, & Schene, 2010) , where existing treatments show limited effects in terms of preventing occurrence of future episodes (Beshai, Dobson, Bockting, & Quigley, 2011; Uher & Pavlova, 2016) . As such, an important question remains how these different psychological constructs -which could be deemed as transdiagnostic cognitive risk or protective factors (e.g., Eysenck & Fajkowska, 2017; Hankin et al., 2016; Shing, Jayawickreme, & Waugh, 2016 ) -interact to promote stable remission rather than recurrence of internalizing disorders.
In this context, how one responds to stressors has important implications for mental well-being.
For instance, in contrast to responding to a stressor with repetitive negative thinking, use of adaptive emotion regulation strategies such as positive (re)appraisal form a well-known predictor for well-being (e.g., Hoorelbeke, Koster, Demeyer, Loeys, & Vanderhasselt, 2016a ; but see Troy, Ford, McRae, Zarolla, & Mauss, 2017; Troy, Shallcross, & Mauss, 2013) . As such, positive appraisal has been put forward as a key resilience factor (Kalisch, Müller, & Tüscher, 2015) , with resilience referring to the ability to cope effectively upon facing adversity, connoting inner strength, competence, optimism, and flexibility (Wagnild, 2009 ).
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Importantly, previous research focusing on how different cognitive risk and protective factors interact following remission from depression, suggests a central role for resilience. That is, using network analysis on a cross-sectional dataset, Hoorelbeke, Marchetti, De Schryver, and Koster (2016b) modeled the interplay between cognitive complaints, deployment of positive appraisal, repetitive negative thinking (rumination), self-reported resilience, and residual symptomatology. Resilience appeared to form the main hub, taking a central role in the network, connecting each of the variables to one another.
These findings suggest that resilience, as the most strongly connected variable in the network, is key to remaining in a state of remission.
Noteworthy, network analysis forms an important innovation as it allows to model how different constructs relate to one another in a data-driven manner (Borsboom & Cramer, 2013) . In particular, network models offer alternative and insightful ways of visualizing complex data (Bringmann & Eronen, 2018) . Interestingly, network models obtained from cross-sectional datasets have shown to be predictive for the course of internalizing disorders (e.g., van Borkulo et al., 2015) . In addition, network models demonstrate considerable stability in terms of replication of complex network structures (e.g., Borsboom et al., 2017; Faelens, Hoorelbeke, Fried, De Raedt, & Koster, under review; Fried et al., 2018;  for recent developments regarding stability and accuracy of cross-sectional network models, see Epskamp, Borsboom, & Fried, 2018) . As such, network analysis offers a powerful tool for exploratory research, allowing model generation, which can then inform confirmatory research.
However, recent findings suggest that cross-sectional networks do not reliably reflect the temporal order by which nodes affect one another, as indicators of potential causal pathways (Bos et al., 2017) . This can be overcome by creating network models of data acquired through experience sampling methodology (ESM), assessing psychological constructs repeatedly in daily life. The advantage of this Running head: HOORELBEKE ET AL.
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technique is that it allows taking into account information derived from both the intra-(i.e., momentary changes) and inter-individual level.
Interestingly, recent innovations allow the application of network analysis to time series data (Bringmann et al., 2013 Epskamp, Waldorp, Mõttus, & Borsboom, 2018) . This allows to visualize the dynamic interaction between the variables of interest, fostering an intuitive understanding of the complex structure of a model (Bringmann, 2016) . That is, using a Vector AutoRegressive (VAR) approach, the combination of ESM and network analysis allows to model the temporal sequence by which different variables (i.e., nodes) interact. Specifically, temporal networks depict the unique predictive value of a given node at time t for all connected nodes at time t+1. As such, edges in these models represent unique interactions between two given nodes over time. Based on patterns of connectivity, nodes obtain a specific position in the model reflecting the centrality of a given node within a network (e.g., using the Fruchterman and Reingold's algorithm; Fruchterman & Reingold, 1991) . This approach also allows computation of contemporaneous networks which model patterns of co-occurring activity, illustrating how variables predict one another within the same momentary assessment period. Finally, betweensubjects networks can be obtained, depicting how stationary means of different persons co-vary (Epskamp, Waldorp, et al., 2018) .
In light of these statistical and methodological innovations, the first aim of this study is to provide a test of the interplay between key cognitive vulnerability and protective factors in daily life following remission from depression. Combining a seven-day ESM procedure with network analysis in RMD patients, the current study allows to map the temporal order by which two protective (positive appraisal, resilience) and two risk factors (rumination, cognitive complaints) interact with one another to predict fluctuations in depressive symptomatology in daily life (temporal network). Based on our prior findings, we expect to find a central role for resilience, linking other protective-and risk factors to Running head: HOORELBEKE ET AL.
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depressive symptomatology (Hoorelbeke et al., 2016b) . Furthermore, after controlling for temporal effects, we will map how these risk-and protective factors relate within each assessment period (contemporaneous network), and how stationary mean levels of the included variables co-vary (between-subjects network). Together, these network models allow an in-depth analysis of how key cognitive risk-and protective factors relate to one another following remission from depression.
A second aim of this study is to shed light on what constitutes 'resilience' following remission from depression. Resilience has typically been conceptualized as an outcome, in terms of being able to cope effectively when confronted with adversity (as shown by indicators of mental well-being). As such, research exploring how key predictors of resilience (resilience factors) relate to risk factors such as repetitive negative thinking, impairments at the level of cognitive functioning and residual complaints, is crucial for increasing our understanding of the role of resilience in remission from depression. In this context, several resilience factors have been proposed, among which stress recovery, self-compassion, promotion, and positive appraisal (e.g., Kalisch et al., 2015; Trompetter, de Kleine, & Bohlmeijer, 2017; Waugh & Koster, 2015) , most of which are related to positive affectivity as a key ingredient. Indeed, ample studies have shown that positive affect buffers against negative effects of stressors (Garland et al., 2010; Tugade & Fredrickson, 2004; Okely, Weiss, & Gale, 2017; Wichers et al., 2007) . As such, we test the role of positive affect as a central resilience factor following remission from depression, linking key depression vulnerability and protective factors. For this purpose, as a second step, we substitute selfreported 'resilience' by 'positive affect' and observe how this affects the obtained network models. If positive affectivity indeed forms a key resilience factor in the context of remission from depression, then substituting self-reported 'resilience' by 'positive affect' should render similar network structures suggesting a central position for positive affectivity. 1
Method
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Participants
This study is part of a cognitive training project that was pre-registered on Open Science Framework (osf.io/g2k4w). The current study reports findings from the ESM week preceding the training procedure. 191 candidate participants were screened for participation to the study. Eligibility criteria were: (a) age 23-65, (b) history of depression, (c) possess a smartphone with a data management plan, and (d) no ongoing depressive episode, report no current substance abuse or psychotic disorder.
Following the screening procedure, 90 RMD patients were enrolled in the ESM phase. Three participants prematurely engaged in the cognitive training procedure during the first week of ESM and were excluded from data-analyses. Two additional participants were excluded due to response rates <50%. The remaining 85 participants responded to 83% of the signals in a timely manner. On average, participants completed the questionnaires within 7.54 minutes (SD=7.15) of the signal being sent. Sample characteristics are reported in Table 1 . All participants provided written informed consent. This study was conducted in compliance with the Declaration of Helsinki and was approved by the local ethical committee of Ghent University.
Measures
Screening instruments.
We used a two-step, in time separated, screening protocol to assess eligibility for participation to the study. Candidate participants first underwent a telephone screening. This contained the relevant Disorders. Participants whom reported a history of depression but did no longer meet the criteria for an ongoing depressive episode, nor reported current substance abuse or psychosis were considered to be potentially eligible for participation to the study. As such, these participants were invited to the Faculty Running head: HOORELBEKE ET AL.
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of Psychology and Educational Science of Ghent University where the mood disorders module of the MINI structured interview was (re)administered by a licensed clinical psychologist to re-asses the state of remission from depression and lifetime history of depression. Participants whom consistently met the eligibility criteria during this two-step screening protocol were enrolled in the study.
Questionnaire.
Severity of residual depressive symptomatology was assessed at baseline using the Beck Depression Inventory (BDI-II-NL; Beck, Steer, & Brown, 1996; Van der Does, 2002) . This 21-item selfreport measure with a total score ranging from 0 to 63 has demonstrated good psychometric properties.
The Cronbach's Alpha obtained for the BDI-II-NL in the current study was .92.
ESM measures.
Over a period of seven days, participants received six signals a day between 9AM and 9PM. We used a time-stratified schedule where each day was divided into six intervals of 120 minutes. Within each of these intervals, signals were sent at random moments. If no response was given within the first 15 minutes, a reminder signal was sent. Signals timed-out 30 minutes after sending the first signal. The minimum distance between two scheduled signals was 30 minutes. Signals were sent as text messages using SurveySignal (Hofmann & Patel, 2015) , containing a unique link that directed participants to a LimeSurvey questionnaire.
At each signal, participants completed 13 items, among which following items are relevant for the hypotheses tested in the current study: (a) Participants rated the extent to which they were in a positive affective state using three high arousal indicators of positive affect ('energetic', 'happy', 'satisfied'; Hoorelbeke et al., 2016a) . Positive affect was computed using a compound score of these items (Cronbach's Alpha = .86). (b) Two items assessed the extent to which participants deployed All items were rated with regards to the interval between the current signal and the previous signal the participant responded to, except for the indicators of affect. The first signal of the one-week ESM-period related to the period that had extended since waking up. All items were rated on a scale from 1 ("not at all") to 100 ("very much"). Participants first rated the affective items in random order, after which the remaining items were presented at random.
Procedure
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This study is part of a broader cognitive training project (osf.io/g2k4w). Eligibility of candidate participants for participation was assessed using a telephone-interview, followed by a structured interview at Ghent University. Upon providing informed consent, participants completed the baseline assessment for the cognitive training project, which included but was not limited to a one-week ESM phase preceding the training procedure. The current study reports on the findings of the ESM-procedure.
For this purpose, participants' smartphones were registered in SurveySignal, after which they received extensive instructions regarding the ESM-procedure. This included a manual providing definitions of the items used. Fluctuations in the variables of interest were assessed six times a day over a period of seven days starting from the day following registration. Participants received financial reimbursement for participation to the broader cognitive training project (€75), along with written and oral debriefing.
Data-analysis
Data analysis was conducted in R (version 3.3.2) on the 85 participants whom completed the ESM-phase with response rates ≥50%. At each signal, participants provided ratings with regards to the intervals between the current signal and the previous signal the participant responded to. As such, signals that did not elicit a response are not informative for the analysis and were omitted (17%). The presented analyses are based on a total of 2,946 unique data points with an average of 33.66 time lags per person. To test our hypotheses, we conducted two separate network analyses. First, based on the cross-sectional findings of Hoorelbeke et al. (2016b) , we modeled how self-reported resilience relates to fluctuations in daily life rumination, positive appraisal, cognitive complaints, and depressive symptomatology over time. Second, to examine the role of positive affectivity as a key resilience factor following remission from depression, we substituted resilience by positive affectivity.
The network models obtained from the time series data were computed using the mlVAR package (version 0.4; Epskamp, Deserno, & Bringmann, 2017) , using a two-step multilevel VAR approach Running head: HOORELBEKE ET AL.
REMISSION NETWORKS 12 (Epskamp, Waldorp, et al., 2018) . 3 As a first step, for each of the variables in the model, performance at time t is predicted by all other variables at time t-1, including autocorrelations for the dependent variable. Within-subject centering is used in addition to taking into account subject sample means as between-subjects predictors. As a second step, multilevel regression models are run, where for a given time t, residuals of one variable are predicted by all other variables at time t. In addition to obtaining a temporal network, this allows calculation of a contemporaneous and between-subjects network (Epskamp, Waldorp et al., 2018 ; for a more detailed account on the two-step multilevel VAR procedure implemented by mlVAR, see supplemental material of Epskamp, Waldorp, et al., 2018) . whereas the color of the edge reflects the valence of the association (green-positive; red-negative). In addition, in the temporal networks arrows are used as edges to illustrate the direction of effects.
Interpretations regarding centrality of nodes rely on visual inspection of the obtained network structures, given that standardized centrality indices are less suited for multilevel VAR-models (e.g., Bringmann et al., 2013 Bringmann et al., , 2016 .
Results
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Descriptive statistics and intraclass correlations (ICC) for the variables of interest are reported in Table 2 . The latter suggest that considerable variance in the variables is situated at the level of the individual. Pearson correlations between the variables of interest are presented in Table 3 .
Resilience Networks
The temporal network (Figure 1a ) demonstrates that resilience (RES) forms a central hub in the model, uniquely predicting all other nodes in the network at time t+1. That is, edges in the temporal network reflect unique effects from time t to time t+1, with the arrows being indicative for the direction of these effects. As such, the obtained temporal network suggests that resilience at time t predicts subsequent less deployment of rumination (RUM) and more deployment of positive appraisal (APP). In addition, feeling resilient at time t predicts lower subsequent occurrence of cognitive complaints (CC) and depressive symptomatology (DEPR). For rumination, cognitive complaints and depressive symptomatology, these associations show to be unidirectional: we observed no outgoing effects from each of these nodes to resilience while controlling for the influence of the other nodes. In contrast, the associations between resilience and positive appraisal are bidirectional, where greater use of positive appraisal also predicts increased resilience at time t+1. Positive appraisal was mostly used when experiencing low residual symptomatology and high resilience at the previous time point, as shown by an inhibitory pathway connecting depressive symptomatology with positive appraisal, and an excitatory pathway from resilience to positive appraisal. All nodes show a positive autocorrelation. For instance, individuals reporting high levels of depressive symptomatology at time t were more likely to report depressive symptoms at time t+1. Similar findings were observed for use of positive appraisal, rumination, self-reported cognitive complaints, and resilience. 5
The contemporaneous network (Figure 1b) suggests that -within a given measurement periodparticipants who report feeling resilient, also report greater deployment of positive appraisal, less deployment of rumination, and lower occurrence of depressive symptomatology. In addition, participants who report limited use of rumination and low occurrence of depressive symptomatology during a given measurement period, report less cognitive complaints. Finally, the between-subjects network (Figure 1c ) suggests that participants who on average report higher levels of positive appraisal as an emotion regulation strategy also feel more resilient. In contrast, overall higher levels of rumination were related to elevated depressive symptomatology, which was linked to cognitive complaints.
Positive Affect Networks
Similar findings are obtained when substituting self-reported resilience by positive affect (PA) 6 :
positive affect uniquely predicted all other nodes from time t to time t+1 (Figure 2a ). The current model differs from the model obtained from the analyses including resilience in terms of an additional association between rumination and positive appraisal, and omission of the association between depressive symptomatology and positive appraisal. That is, deployment of positive appraisal is mostly predicted by prior affective state. Finally, the structure of the contemporaneous (Figure 2b ) and between-subjects network (Figure 2c ) including positive affect was highly similar to the network structures obtained for resilience, with the exception of an additional edge between positive affect and self-reported cognitive complaints in the contemporaneous network.
Discussion
The current study set out to model how key cognitive vulnerability-and protective factors interact to predict fluctuations in internalizing symptomatology in daily life. For this purpose, we relied on a sample of RMD patients, monitoring how indicators of emotional (dys)regulation (rumination, positive appraisal), cognitive functioning, and resilience predicted fluctuations in depressive symptomatology following remission from depression. Based on initial findings of cross-sectional network models, we hypothesized to find a central role of resilience (Hoorelbeke et al., 2016b) . Indeed, Running head: HOORELBEKE ET AL.
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the current findings suggest that resilience plays an important role in predicting change in protectiveand risk factors in RMD patients in daily life. Feeling resilient predicted subsequent lower occurrence of rumination, cognitive complaints, and depressive symptoms. Interestingly, deployment of positive appraisal predicted increased resilience over time, which in turn predicted further deployment of positive appraisal (temporal network). In line with this, the contemporaneous network suggests that people who reported feeling resilient within a given measurement interval, typically used more positive appraisal, less rumination as well as reported lower residual symptomatology within that interval. Here, it is interesting to note that people who report feeling more resilient are those who on average report higher deployment of positive appraisal, independent of occurrence of rumination, experienced cognitive complaints, and residual symptomatology (between-subjects network).
These findings provide evidence for central resilience frameworks (Fredrickson, 1998; Kalisch et al., 2015) . Our findings support the Positive Appraisal Style Theory of Resilience (Kalisch et al., 2015) , suggesting that how one appraises, interprets, and analyzes potentially threatening stimuli or situations is essential for resilience. In particular, it has been suggested that positive appraisal forms the main pathway through which other resilience factors predict well-being. Indeed, our findings suggest that positive appraisal shows a bidirectional relation with positive affect, where it has been suggested that positive affect forms both a resilience factor as well as an important mechanism of resilience (Kalisch et al., 2015; Tugade & Fredrickson, 2004) . In line with this, substituting 'resilience' by 'positive affect' did not affect the main network structures obtained from the temporal, contemporaneous, and betweensubjects models, suggesting that positive affectivity plays a key role in obtaining stable remission from depression.
Our findings have several clinical implications. The obtained network models suggest that, in order to establish stable remission from depression, interventions for RMD patients should focus on Running head: HOORELBEKE ET AL.
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increasing positive affectivity as a key resilience mechanism. One way to do so would be by facilitating deployment of positive appraisal, as suggested by the temporal resilience network and the betweensubjects networks. In this context, interventions such as well-being training, emotion regulation training, and mindfulness-based cognitive therapy show clear clinical potential (e.g., Garland, Geschwind, Peeters, & Wichers, 2015 ; for reviews, see Leppin et al., 2014; Waugh & Koster, 2015) . In addition, our temporal resilience network indicates that residual complaints hinder deployment of positive appraisal. As such, in line with findings suggesting that residual symptoms form an important predictor of early recurrence of depressive episodes (cf. Judd et al., 1998) , obtaining full remission from depression -before discontinuation of treatment -remains an important challenge. In particular, given the importance of positive affectivity as a main resilience factor, increasing our knowledge regarding the mechanisms underlying anhedonia in depression is crucial (e.g., reward learning, approach motivation; Pizzagalli, 2014) . In this context, research on the Positive Valence Systems of the Research Domain Criteria (RDoC) will be highly informative (Insel et al., 2010) .
First evidence suggests that psychotherapeutic interventions aimed at increasing resilience show potential in reducing depressive, anxiety, and stress-related symptoms. For instance, in a recent study
Hojjat and colleagues (2017) compared effects of eight sessions of a resiliency group training program based on Schiraldi (2011) in mothers of children with ADHD, a sample which was characterized by elevated anxiety and depression levels. Beneficial effects were reported for both depression and anxiety symptoms. In addition, participants in the training condition reported increased marital satisfaction. The effects of such experimental studies (for reviews, see Joyce et al., 2018; Leppin et al., 2014; Waugh & Koster, 2015) are in line with our findings, suggesting a key role for resilience in maintaining psychological well-being, as shown by the observed inhibitory pathways from resilience to depressive symptomatology, cognitive complaints, and repetitive negative thinking, in addition to reciprocal reinforcing effects of positive appraisal.
As to our knowledge, the current study is the first to present network models obtained from prospective data providing an in-depth analysis of how key risk-and protective factors relate to fluctuations in residual symptomatology following remission from depression. Here, it is noteworthy that the temporal network obtained in the current study provides a replication and major extension of the network structures previously obtained from cross-sectional data in RMD patients (Hoorelbeke et al., 2016b) . Nonetheless, the current study shows certain limitations that should be taken into account in future studies. First, although our network models contain some of the key cognitive vulnerability-and protective factors in the context of depression based on the existing literature, it remains a possibility that other important variables have been overlooked. Here, it is important to note that ESM procedures are limited in terms of the amount of variables that can be repeatedly assessed in daily life in order to foster compliance with the intensive sampling procedure. Related to this, in line with previous models, resilience has been conceptualized as the extent to which participants considered themselves able to efficiently cope with adversity. Assessing resilience in daily life is a challenging endeavor, where subjective resilience ratings naturally show overlap with ratings of positive appraisal, positive affect, and depressive symptoms. Several alternative operationalizations could be considered for future studies. For instance, one could model the relation between stressors and well-being, or the rate of recovery following stressors as a proxy of resilience. Additionally, future studies could include multiple resilience factors other than positive appraisal and positive affect, such as perseverance, equanimity, meaningfulness, and being self-reliant (Wagnild, 2009 ). An advantage of the current operationalization of resilience is that participants rated how they consider themselves able to cope with adversity, referring to a subjective experience of 'being/feeling resilient'. Although this implicitly takes into account the presence of/and successful coping with stressors, one can also report feeling resilient in absence of direct stressors (e.g., based on prior experiences and schemes, where one considers oneself being able to cope with future adversity). This aspect of resilience potentially more closely matches the feeling of Running head: HOORELBEKE ET AL.
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inner strength, competence, and optimism (Wagnild, 2009 ), which we believe is key in understanding the close observed relation between self-reported resilience and positive affect as a main resilience factor. Importantly, providing evidence for the validity of our items, the obtained network structures replicate the network models obtained from cross-sectional studies in which resilience and positive appraisal were assessed using well-established self-report measures (e.g., Cognitive Emotion Regulation Questionnaire and the Resilience Scale; Hoorelbeke, Marchetti, et al., 2016b) . However, an important advantage of the presented assessment technique is that it offers increased ecological validity, allowing to take into account intra-and interpersonal differences in how these processes occur in daily life. Third, our findings reflect the interplay between momentary fluctuations in cognitive vulnerability-and protective factors assessed over a period of seven days. Although this is highly informative to how different risk-and protective factors relate to fluctuations in symptomatology in RMD patients over time, these data are limited in time and do not provide diagnostic information. As such, they do not allow claims regarding recurrence of depressive episodes. For this purpose, longitudinal designs including clinical interviews would be necessary. Finally, given symptom overlap and the high comorbidity rates between MDD, anxiety, and stress-related disorders, RMD patients form an interesting population to study the impact of transdiagnostic cognitive risk-and protective factors following remission from an internalizing disorder.
However, we should be cautious when making generalizations of our findings beyond MDD as the current study did not include diagnostic information regarding presence of (comorbid) anxiety or stressrelated disorders.
Conclusion
Using network analysis, the current study maps how key cognitive risk-and protective factors relate to daily life fluctuations in depressive symptomatology following remission from depression. In line with influential theoretical frameworks of resilience, our findings suggest a central role for positive
Footnotes:
(1) Note that in our paper positive affect is conceptualized as a resilience factor. This conceptualization is based on research indicating that positive affect is a predictor of resilience.
However, it is noteworthy that in many definitions of resilience, positive affect is also a constituent of resilience. For instance, in the operationalization of Wagnild (2009) , resilience connotes inner strength, competence, flexibility, optimism, and the ability to effectively cope with adversity. This conceptual state of affairs allows the possibility that positive affect is both a predictor and indicator of resilience, with there being large overlap between resilience and positive affect. At the same time, it is possible that there is unique variance in the concept of resilience, which is based on the response to negative events, that is not fully covered by positive affect.
(2) The study reported in the current manuscript was part of the baseline phase of a pre-registered cognitive control training project (osf.io/g2k4w). This overarching project contained ESM, an experimental manipulation, in addition to a diary procedure for which the ESM-items were used with regards to the past week. The baseline assessment of this diary procedure was coupled with an assessment of the constructs of interest using well-validated self- ). This allows to validate the items used in the ESM-and diary procedure, by mapping the correlations between the baseline assessment for the diary phase and the questionnaires. Importantly, for each of the items presented in the current paper, this yielded moderate associations between the validated self-Running head: HOORELBEKE ET AL.
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report questionnaire(s) of interest and the corresponding item in the 85 participants that completed the study presented in this manuscript.
(3) Multilevel VAR models consist of multiple univariate multilevel regression models, which allow taking into account information at the level of the subject and group (Bringmann et al., 2013) .
(4) With the exception of one additional association in the between-subjects network, this did not yield different findings compared to the more conservative AND-rule, suggesting the obtained models are sparse.
(5) Participants continuously rated the interval between the current signal and the previous signal the participant responded to. Although this comes at the advantage of covering the full course of the seven-day ESM-procedure for each of the participants -including self-reported depressive complaints occurring overnight (e.g., waking up early, ruminating) and daytime situations during which participants failed to respond to the signal in a timely manner -this assessment method also induces additional variability in interval length. This may result in an underestimation of the edges presented in the temporal network (e.g., the predictive value of two concurrent ratings pertaining to longer intervals is likely to be smaller than for ratings that follow closer to one another in time). To control for this, additional multivariate VAR models in line with the Bringmann et al. (2013) approach were conducted using mlVAR0, which allows to include interval length as a covariate. Importantly, in line with the above presented temporal network, the obtained network model provided support for the key role of resilience. However, we used the two-step multilevel analysis approach for the main results presented in this manuscript as they allow to plot the contemporaneous and between-subjects networks in addition to the temporal network, providing a more detailed understanding of the mechanisms at work.
(6) To allow visual comparison between the Resilience Networks and the Positive Affect Networks, edges of all models were scaled in relation to the highest value detected for each type of model. 34 
